Linear autoregressive (LAR) models poorly predict asset prices in nonlinear, regimeswitching markets. We introduce SETAR, a threshold model that accounts for nonlinearities, to test for the existence of regime-switching in global equity markets. A comparison of SETAR's predictive power against that of LAR models suggests that SETAR yields more accurate long forecasts, in both emerging and developed stock markets. We discuss extensions of threshold models into portfolio management, corporate valuation, and the long-term forecasting of financial indicators.
The Predicament of Regime-Switching
Expected future prices are crucial inputs to asset selection and allocation. But certain asset prices are particularly difficult to forecast due to nonlinearities called regime switches. A regime-switching price suffers, from time to time, from discrete, sharp dislocations, jumping from one state or regime to a widely different one-and back. The shift is triggered by a radical change, called break, in the process that underlies price formation. In bonds, or commodities like gold, sudden changes in investor sentiment may produce dramatic shifts in mean prices to be followed, after some period, by retrogression to a previous regime. In individual stocks, a large, persistent price deviation may result as a consequence of a merger or acquisition event, the entry or exit of a formidable competitor, an R&D breakthrough, or a flopped reorganization. And in stock markets, average price indexes may shift due to major political or economic crises, banking failures, expropriations, hyperinflation, the stock market's integration to or detachment from the global financial system, or any other turn of events that drastically alters a stock market's dynamical behavior.
Linear autoregressive (LAR) models badly fit regime-switching time series: their predictive power is easily spoiled by the nonlinearities embodied in regime shifts. 1 To negotiate this hurdle, analysts preserve the linearity assumption by carefully selecting the data they use; for example, they subjectively identify the latest ‗rupture' in the pricegenerating process-say, a major slump-and proceed to forecast a long-term price by using a LAR model that is fed only with the data available since the crisis. This approach is seriously flawed, however, for it produces forecasts based on a subset of past data that is not truly representative of a future which, in all likelihood, will include regime switches.
We introduce SETAR, one in a broad family of univariate forecasting models that truly account for nonlinearities. In essence, SETAR econometrically identifies different price regimes and is thus able to produce composite forecasts that take into account the probabilities of the price being in those regimes. The advantage of this modeling strategy is that it tends to yield more precise forecasts. In this article, we use SETAR to test for the existence of price shifts in global equity markets and show that, for most cases, SETAR has better predictive power than LAR formulations. 2
Identifying Regime-Switching Stock Markets
Emerging stock markets come naturally to mind when one thinks of regimeswitching. Goetzmann and Jorion's [1999] have shown that a number of markets emerge when dramatic changes in political, economic and institutional conditions make them suddenly attractive to international investors; they submerge when, hit by a major crisis, disappear from the radar screen of investors for months-or even years; and reemerge when a sweeping economic change in the opposite direction makes them enticing, once again, to the international investment community. Technically speaking, such markets regularly switch from an upper (emergence, or expansionary) regime to a lower (submergence, or recessionary) regime, and back-thus suggesting a two-state regime-switching behavior.
One way to econometrically check for the existence of price shifts is the self-exciting threshold autoregressive model, or SETAR, developed by Tong [1983] . ‗Self-exciting' means forecasts are inherently defined by the historical behavior of the time series. Put differently, regimes are not subjectively defined by the analyst but are instead patterned after the actual, observed data. SETAR decomposes the nonlinear behavior of a stock price index into two or more linear regimes separated by thresholds-values of the index which constitute the borders between regimes. Once thresholds are computed, it is easy to identify the crossover dates-the points in time at which the price index crosses the thresholds.
In Exhibit 1A, we check for the existence of regime-switching in a sample of twentytwo emerging stock markets. More specifically, we examine whether a market is a tworegime system by using a SETAR model of order 1-a nonlinear autoregressive model described by the following equation:
Xt= μ1 I(Xt-1 >r) + μ2 I(Xt-1≤ r) + [α1 I(Xt-1 >r) + α2 I(Xt-1≤ r)] Xt-1 + ut (1) where To construct Exhibit 1A we use monthly data coming from Datastream, starting at the earliest available date. Since regime-switching forecasting requires long data series to properly capture price shifts, we fully utilize all information available for each country; hence the uneven lengths of the series. All indexes are based in US$, and ‗Horizon' is the length of the period analyzed for each market. ‗Threshold Index Value' is the value at which the market index crosses from one regime to the other. The symbol *** means the threshold is significant at 1% (t-critical: 10.18); and **, significant at 5%
(t-critical: 7.52). Critical values are from González-Rozada and Gonzalo [1997] .
As Exhibit 1A shows, price thresholds turn out to be statistically significant in 15 out of the 22 emerging markets, or 68% of the sample. Since stock prices could, in principle, display more than two regimes, every time we find one threshold (and consequently, two regimes) we repeat the search process within each of the detected regimes until we find no additional thresholds. Using this procedure, we conclude that all emerging regime-switching markets show but a single threshold-namely, they all behave as two-regime systems. Exhibit 1A documents also the crossover dates at which indexes cross their respective thresholds. .1 A u g -9 1 , Ju l-9 2 , Ja n -9 4 , Ma r -9 4 , Ma y -9 4 , Ju n -9 4 , 27 .84*** Y es A u g -9 4 , Oct -9 4 , Ma y -9 6 , Ju l-9 6 , Nov -9 6 , Ju n -9 8 , Feb-0 0 , Ma r -0 0 , A pr -0 6 , Nov -0 6 , A u g -0 8
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To maintain consistency, data series here start at the earliest date that is available for emerging markets. While only 37% of the cases are effectively regime-switching, this category includes the largest stock market in the world-the U.S.'s. Again, all developed regime-switching markets display a single threshold.
The identification of a threshold in a stock market index is important: it signals to the analyst not only that stock price tends to shift its mean level, but also, that the index displays a different dynamical behavior above and below the threshold. By virtue of its dual structure, a threshold model is able to produce a composite price forecast that incorporates both dynamics, by using the probabilities of the index being in different states. As we discuss next, such capability has the potential to improve predictive power. 6 Ma y -9 3 , Ju n -9 3 , Ju l-9 3 , Nov -9 3 , Ja n -9 4 , Ja n -9 5 , 23.26*** Y es Ma r -9 5 , Ju n -9 5 , Ju l-9 5 , a u g -9 5 , Dec-9 5 , Feb-9 6 , Ma r -9 6 , Ju l-9 6 , Oct -9 9 , Ju l-0 0 , A u g -0 0 , Sep-0 0 , A pr -0 6 , Ma y -0 6 , Feb-0 7 , A pr -0 7
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The Future of Regime-Switching Models
Investors should recognize that both fair and stormy weather will shape the longterm value of their investments. Regime-switching modeling tackles the issue head-on by assuming that not all asset markets are mean-reverting systems punctuated by rare crashes, but can instead display a regime-switching behavior that is partially predictable.
This paper-the first ever to apply SETAR to a large number of developed and emerging stock markets-hints to the potential usefulness of regime-switching (RS) models. Firstly, RS can be useful in asset allocation and the definition of trading rules.
Portfolios that were constructed under the assumption of a single regime may turn out to be suboptimal if RS is present; taking RS into account will properly optimize the asset allocation procedure. For examples, see Bauer, Haerden, and Molenaar [2004] , Ang and Bekaert [2004] , and Kole, Koedijk, and Verbeek [2006] .
RS models can also be applied when crafting long-range value scenarios. Pension fund managers and consultants customarily draw long-term models of returns by using RS techniques (Fabozzi, Focardi, and Kolm [2006] ; for an application, see Mulvey [1996] ). In corporate valuation, RS models could become instrumental in eradicating naïve scenario planning, the arbitrary use of three value scenarios (expected, optimistic and pessimistic) to which analysts attach whimsical values and probabilities. RS provides a refreshing change by which the number of scenarios, and their values and attached probabilities, are objectively derived from actual history; see Pereiro [2009] for an example.
Last, we expect the use of RS models to grow in the long-term forecasting of prices, returns, earnings and dividends-the daily bread of research analysts. As we have shown in this article, univariate nonlinear techniques have the true potential to materially improve the accuracy of long-term financial forecasts.
ENDNOTES
1 LAR models include the AR, MA, ARMA, and ARIMA formulations; for a technical review, see Mills [1999] .
2 For a general review of regime-switching models, see Priestley [1980 Priestley [ , 1988 , Tong [1990] , Granger [1992] , and Granger and Terasvirta [1993] . For a SETAR-focused review, see De Gooijer and Kumar [1992] . SETAR has not been popular in financial economics due to programming complexity: in contrast to AR models, there is no readymade, off-the-shelf estimation software for SETAR; as a result, researchers must perform their own modeling by using a standard statistical package, like GAUSS.
Recently, however, Baragona and Cucina (2009) have made public a ready-made SETAR estimator that runs under a Microsoft Windows environment; advances like this will make SETAR modeling accessible to a larger public.
when one works with the indexes themselves rather than with their logs; thus our choice. As for taking first differences, such is a linear transformation which has no effect in our results: differentiation alters neither the means or coefficients of Equation (1) [Chan, 1993] . I(Xt ≤ r) ] is the probability of the index being at the threshold or in the lower regime. Probabilities are calculated as the limit of long-run relative frequency; upstate probability, for example, is the number of months the market index remains above the threshold divided by the total number of months available in the series.
